'Poverty maps' -graphic representations of spatially disaggregated estimates of welfare -are increasingly used to geographically target scare resources. But their development in many low resource settings is hampered due to data constraints. Data on income or consumption are often unavailable or direct survey estimates for small areas yield unacceptably large standard errors. Census data offer the required level of coverage but do not generally contain appropriate information. Alternative methods aim either at combining survey data with unit record data from the Census to produce estimates of income or expenditure for small areas or at developing alternative welfare rankings, such as asset indices, using existing census data. This paper develops a set of poverty maps for Azerbaijan. Two alternative approaches are adopted. First, a map is constructed using an asset index based on data from the 1999 Census to produce reliable estimates of welfare at the raion level. Second, an alternative map is derived using imputed household consumption, combining information from the 2002 Household Budget Survey (HBS) with 1999 Census data. This provides a unique opportunity to compare the welfare rankings obtained at the regional level under the two approaches. 
Introduction
'Poverty maps', that is graphic representations of spatially disaggregated estimates of welfare, are being increasingly used to geographically target scare resources (Bigman and Deichmann 2002) . There is also growing recognition that location itself is an important determinant of welfare, with the local agro-ecological resource endowment, access to input and output markets, and availability of educational and health facilities all influencing the well being of households. Conversely, household welfare may also have an important effect on the locality, for example local levels of consumer demand, patterns of cropping and deforestation.
The development of detailed poverty maps in many settings is, however, hampered due to data constraints. Data on income or consumption are often unavailable and, where they are, direct survey estimates for small areas are likely to yield unacceptably large standard errors due to limited sample sizes. Census data offer the required level of coverage but do not generally contain the appropriate information. This has led to the development of a range of alternative methods aimed either at combining survey data with unit record data from the Census to produce estimates of income or expenditure for small areas or at developing alternative welfare rankings, such as asset indices, using existing census data 2 .
This study aims to develop a set of poverty maps for Azerbaijan for use in a wider project that is investigating the likely impact of a change in energy tariffs including potential substitution of fuel wood amongst impoverished households and the associated risk of deforestation. Two alternative approaches are adopted. First a map is constructed using an asset index based on data from the 1999 Census to produce reliable estimates of welfare at the raion level. Secondly an alternative map is derived using imputed household consumption, combining information from the 2002 Household Budget Survey (HBS) with 1999 Census data. This provides a unique opportunity to compare the rankings obtained at the regional level under the two approaches.
Measuring welfare -creating an asset index for use with the Azerbaijan 1999 Census
Given the well known problems in measuring income and expenditure, increasing use is now being made of alternative wealth rankings based on the household ownership of assets, such as car, refrigerator or television, as well as characteristics of the household dwelling such as type of flooring materials, type of toilet and access to basic services including clean water and electricity. In order to create an index from the information on asset ownership it is necessary to aggregate the individual responses. A number of different techniques have been used. The simplest approach is to assign equal weights to the ownership of each asset or presence of each household dwelling. However, such a simple additive approach assumes the welfare value of each element is equivalent e.g. having a radio has the same welfare impact as having access to a flush toilet. As an alternative to simply calculating an index based on the sum of the assets, it is possible to use statistical techniques to determine the weights in the index. The two most common approaches for doing this are principal components analysis and factor analysis (Gwatkin et al. 2000; Bollen et al. 2001 ).
Data and methods
In the first section of this study we apply principal component analysis to create an asset index based on data from the 1999 Azerbaijan Census collected from the State Statistical
Committee of Azerbaijan. With this technique the socio economic status of households is defined in terms of assets or wealth, rather than in terms of income or consumption. The 1999
Census included several questions regarding the ownership of consumer durables and the materials used in the construction of the household, along with basic demographic information concerning household size and composition. Table 1 presents some basic descriptive statistics of the potential components of the asset index. Each household asset for which the information was collected though the 1999
Azerbaijan Census was assigned a weight or factor score generated through principal components analysis. The principal components analysis (PCA) is a dimension reduction technique (Chatfield and Collins 1980) . This multivariate statistical technique is used to examine the relationships between a set of correlated variables.
In this analysis it was decided to include a dummy for urban and rural area, the idea being that the inclusion of this extra dummy will capture part of the local variation due to differences in durable ownership and housing characteristics due to the place of residence. To our knowledge no other previous studies have include locational dummies in the model.
Given that the Census collects information on 15 asset type variables, the potential range of combinations is 2 15 (i.e 15 dimensions). As it is not straightforward to visualize any data with more than three dimensions, the PCA allows the reduction of the number of variables, and thus dimensionality without losing too much information in the process. 
The variables used in this analysis are measured in different scales (some of the variables are binary, some other categorical and some other continuous One important thing to consider is that the proportion of variance explained by the first principal component will depend on the number of variables included in the analysis. As our aim is to explore the maximum variation amongst household score in order to obtain a "better measure of wealth inequalities" we will try in this analysis to include all the variables related to household economics for constructing an household asset, as in this way we will obtain a more regular distribution of households across quintiles.
Results
Including all the variables that are related to household economics in the 1999 Census dataset presented in Table 1 above results in an asset index with 15 components. Thus when we perform the PCA the dimension of the variable will be 15, and the proportion of variance explained from the first PC will be compared with the total variance with 15 variables. If a smaller number of variables are used, the proportion of the variance explained from the first PC will be higher, but this PC will be based on a small number of variables with supposedly smaller variance, but also with less information about the household. In this paper we apply the PCA to the full correlation matrix of all 15 variables. Table 2 presents the result of the variance of the principal components analysis. The principal components is a technique for extracting from a large number of variables In calculating the household index, only the factor score (eigenvectors) of the first principal component were considered. Table 3 column (4) shows the results of the principal component on the correlation matrix of the 15 variable considered.
The asset score (A) for the jth household considering N variables is given by:
where is the eigenvector for the first asset as determined by the procedure, is the jth household's value for the first asset and and are the mean and standard deviation of the first asset variable over all households. Each household was assigned a standardized score for each asset, where the scores differed depending on whether or not the household owed that asset. Column 6 of Table 3 below shows the value of score if household owned the asset, and Column 7 shows the value of score if the household does not have the asset. These score were summed by household, and individuals ranked according to the total score of the household in which they resided. These standardized scores were then used to 11 create the breakpoint that defines wealth quintiles as follows. The sample of household has been then divided into population quintiles (five groups with same number of individual each).
Wealth quintiles are expressed in terms of quintiles of individuals in the population. In Table 4 below are shown the quintile boundaries of the asset index. 
Poverty mapping using imputed welfare
As an alternative to the asset index described above, in this section we use the methodology developed by (Elbers et al. 2002) to produce a poverty map based on money metric indicators of household welfare. The technique uses the strength of both the detailed information about living standards available in the household budget survey and the more extensive coverage of a census to derive spatially disaggregated poverty estimates based on a consumption welfare indicator.
Overview of Methodology
Survey data are first used to estimate a prediction model for consumption and then the parameters are applied to census data to derive an imputed value for consumption, employing a set of explanatory variables which are common to the survey and the census. This allows us to then define a set of welfare indicators based upon consumption such as headcount poverty.
Finally, the welfare indicators are constructed for geographically defined subgroups of the population using these predictions.
Although the approach is conceptually simple, properly accounting for spatial autocorrelation in the first stage model and estimating standard errors for the welfare estimates requires additional elaboration. The method can be thought of as being divided into three stages. There is a commonly defined "zero stage", which involves the careful selection of a set of comparable variables common to both the survey and census (this stage is discussed further under implementation in section 3.2.2). The first stage of analysis then involves the use of survey data to derive a model for predicting household welfare. This model is then applied to the census dataset in the final stage. Stages one and two are further elaborated below.
First Stage
In the "first stage" of analysis a model of consumption is developed using household survey data and those variables that have been selected in the zero stage. In previous application of this methodology the log of per capita consumption has commonly been used as dependent variable; in this application we modify the definition of the dependent variable and use the log of per adult equivalent consumption (see Section 3.3 for a detail explanation).
The log of adult equivalent household consumption, is related to a set of observable characteristics,
Using a linear approximation, we model the observed log per adult equivalent consumption per household h as:
where β is a vector of parameters, and a vector of disturbances, is distributed u
The model (2) is estimated by Generalized Least Squares using data from the 2002 Azerbaijan household budget survey. In order to estimate by GLS model, it is first necessary to produce an estimate of , the associated error covariance matrix. We model individual disturbances as: ∑ To obtain those parameter we first estimated a OLS, and the residuals from this regression serve as estimates of overall disturbances, given by
. We decompose these into uncorrelated household and location components: In the case of Azerbaijan, heteroskedasticity was found not to be a problem. Given this, we then decide to model only the location component where possible (see Section 3.3 below) 5 .
Second Stage
In the "second stage" the parameter estimates of the consumption model developed in the first stage are applied to data from the 1999 Census of Azerbaijan to obtain predicted consumption for each household within the Census.
We construct a series of simulations, where for each simulation r we draw a set of first stage parameters from their corresponding distribution estimated in first stage.
Thus we draw a set of beta and, from the multivariate normal distributions described by the first stage point estimates and their associated variance-covariance matrices. r β 4 See Appendix 2 of Elbers et al(2002) for details 5 In the implementation of this methodology, we use an application Povmap Version 1.1a developed by Qingua Zhao, from the Development Research Group of The World Bank. At the time of the writing of this report, PovMap application did not provide an option to not model heteroskedasticity. In practice, we only consider the predicted value of the log of adult equivalent consumption as an explanatory variable of the heteroskedasticity model (see Elbers and al (2002) for details on the heteroskedasticity model).
Additionally we draw a simulated value of the variance of the location error component.
For each household we draw simulated disturbance terms, and , from their corresponding distribution. We simulate a value of expenditure for each household, , based on both predicted log expenditure, and their disturbance terms:
. Finally, the full set of simulated per adult equivalent expenditures, are used to calculate the estimate of the welfare measure for each spatial subgroup. We repeat this procedure 100 times drawing a new , , and disturbance terms for each simulation. For each subgroup, we take the mean and standard deviation of each welfare measure over 100 simulations. For any given location, these means constitute our point estimates of welfare measure, while the standard deviations are the standard errors of these estimates.
Data and Implementation

Data
The Following the redesign of the HBS, the total number of permanent staff employed as interviewers has risen from 64 to 84. The new design allows the selection of 84 territorial unit (or Primary Sampling units), and a single interviewer is responsible for the conduct of all household interviews within a particular area. Unfortunately the dependence upon a single interview has the potential to introduce an 'interviewer effect' that is impossible to isolate from other 'location effects'. This may be particularly significant for the production of spatially disaggregated statistics of the kind employed in this study.
Implementation
In the 'zero' stage we first carefully compare the questions of household budget and census to identify a set of variables that are common to both sources of data. These variables are then compared on a statistical basis by considering the mean values in the two dataset. This second type of checks is important as even when the survey and census questions are identically worded, subtle differences in the way the questions are asked, or different ordering of questions may cause the information content to differ between the survey and the census. One of the key assumptions inherent in the poverty mapping procedure outlined by (Elbers et al. 2002) is that the models estimated from the survey data apply to census observations. Given the sharp drop in fertility between the implementation of the 1999 Census and HBS 2002, it was decided to modify the dependent variable and to use adult equivalent monthly household consumption as the welfare indicator as opposed to the commonly used average per capita consumption (Mistiaen et al. 2002; Elbers et al. 2003) . The equivalence scale used gives less weight to young children than other household members and so is less sensitive to changes in the numbers of young children compared to a more straightforward per capita measure 7 . This minimizes the impact of the drop in the number of young children in the household at the time of the 2002 HBS.
7 Adult Equivalent: children aged below the age of six have been assigned a weight of 0.2, children aged between 7 to 12 have been assigned a weight of 0.3, children age 13 to 17 have been assigned a weight of 0.5, and a weight of 1.0 if the household member is older than 17 years. The equivalence scale is designed to account for differences in 'need' due to age and sex. It does not however account for economies of scale of household size as each adult carries the same weight on 1.0. The consumption model was derived using only independent variables that were similar in both wording and distribution in both data sets. In some strata, where the selected variables on the strict test of comparability did not yield a reasonable high R square, the criteria for selection of the regression variables were relaxed 8 . A set of three dummies for the quarter in which the household has been interviewed, was included to control for fluctuations in household consumption due to the different quarter of the year 9 . The final specification included only those variable that were significant at least at 95 per cent level and the quarterly dummy variables.
Following this, a set of census means at the village level were then merged with the HBS data. The location residuals were then regressed on a set of census means at village level.
Again a selection criteria of significance at 95 % was applied, along with a ceiling for the 8 In few cases we select variable that were within two standard deviation from the mean value in the census. 9 When we proceed for the imputation in the census we construct three variables with the value of 0.25. maximum number of census means. Following the inclusion of these additional variables the OLS regression was re-estimated in order to reduce the size of the location effect. These regression models and the relevant diagnostics for the urban and rural strata are summarized in Table 3 and 4 in the Appendix respectively. Examining those tables, we find the regression models quite successfully explain the variation in household expenditure. The R-Square ranges from 0.26 to 0.53 in urban areas to 0.23 to 0.39 in rural areas.
Using the parameters estimates derived in the first stage modelling, we then proceed with the census imputation, as describe in the methodology section above (see Table 3 .5 below present results for average adult equivalent consumption and for the headcount index (FGT(0)) for the two relative poverty line from both the HBS and the Census for each strata. Comparison of results from the Census and HBS shows that the prediction model seems to perform relatively well at this level for imputed adult equivalent consumption, but less well for headcount poverty. Several other indicators of inequality and poverty at raion level are presented here in graphic form in a series of maps. These results are also available for both village level and administrative level, though at the time of writing, an up to date boundary village map for Azerbaijan does not exist and so the results could not be plotted at this level of disaggregation.
Results
Results confirm previous finding from the recent Azerbaijan Poverty Assessment that the incidence of poverty among urban households is greater than that among rural households (Dowsett-Coirolo 2003) . Furthermore, comparing the proportion of people below the poverty line of 50% median adult equivalent expenditure in urban and rural area, there is not only a higher incidence of poverty in urban areas as compared to rural areas, but urban areas also show a higher degree spatial variation in headcount poverty -with the more than half of urban population in Ganja-Gazakh region and Davachi and Shamakhy raion below the poverty line of Similar findings emerge from the imputed average monthly consumption (see Figures 6 and 7) .
Interestingly, higher values of average adult equivalent consumption are recorded in rural areas than in urban areas. This is despite the fact that rural households are, on average, larger than urban ones. This may be explained in part by the equivalent scale used, which gives a lower weighting to children than adults, resulting in higher average equivalent consumption in households with many children than that given by a per capita measure. Alternatively, it may be that this is a function of the way in which the value of consumption of home production was imputed, in particular the prices used 10 . Thirdly, the difference may reflect real urban-rural differentials in welfare. Such urban-rural differences are worthy of further investigation Once again, Figure 7 confirms substantial spatial variation in average levels of adult equivalent consumption across raions within urban areas.
Figures 8 and 9 show the spatial distribution of the Gini coefficient 11 in rural and urban areas respectively. The results indicate a surprisingly equal distribution of expenditure across 11 The Gini coefficient is the area A between the 45-degree line and the Lorenz curve divided by 1/2, the total area under the 45-degree line. The Gini coefficient may be given as a proportion or percentage. From this it is clear that the Gini coefficient will be equal to 0 when the distribution is completely egalitarian. If the society's total expenditure accrues to only one person/household unit, leaving the rest with no income at all, then the Gini coefficient will be equal to 1.0.
households within raions in both urban and rural areas of Azerbaijan, with a Gini coefficient below 0.16. Not surprisingly, the highest levels of inequality are found in Baku and surrounding urban area and in the urban area of Nakhchyvan region , Saatly and Lankaran raion, whereas inequality is lowest in Ganja-Gazakh and Shaki-Zagatala raions. In rural area the highest level of inequalities is recorded in Garabagh-Mil-orta region. Few studies have attempted to verify the extent to which the asset indicator being used is a good proxy for household consumption, the main reason being that such verification requires a data set that contains both metric measure of household consumption and the components of the asset index. Montgomery et al.(2000) evaluated the performance of proxy measures in relation to consumption expenditures per adult, the latter being their preferred measure of living standards.
They found that proxy variables were weak predicators of consumption per adult, with extremely low partial R 2 values. However, in subsequent analyses of fertility, child schooling and mortality, the proxy-based coefficient estimates compared favourably to those obtained using consumption, providing a generally reliable guide to sign and magnitude of the preferred estimates. Sahn and Stifel (2001) also found the correlation of their asset with household expenditure to be weak.
In contrast Filmer and Pritchett(2001) , who validated their asset index using data from the Indonesian , Pakistani and Nepalese LSMS, concluded that the asset index had 'reasonable coherence' with current consumption expenditures and worked 'as well or better, than traditional expenditure-based measures in predicting enrolment status'. They also note that their asset index is better though of as acting as a proxy for long-run household wealth rather than current per capita consumption. Bollen at al.(2001) examined the performance of several alternative proxies for economic status. They conclude that if researchers' focus is on economic status itself (as is the case when using proxies to identify the poor), then the choice of proxy can make a difference. If, however, attention lies on other variables with economic status being used as a control, then the noneconomic status variables are relatively robust to the choice of proxy.
This study has the unique opportunity to evaluate the ranking at a regional level using both an asset index derived using census data and imputed consumption. Using the urban and rural dummies used in the asset index, it is possible to construct separate maps for the proportion of household in the poorest 40 per cent quintile as ranked by the asset index (Figures 10 and 12 ).
Those maps are directly comparable with the headcount FGT(0) using the Poverty line as the 40 per cent of the median (215235.2 Manat per months) (Figures 11 and 13) . From a simple comparison of the maps it is clear that that the two approaches produce significantly different rankings at the raion level. These results, though, do not rule out the possibility that an asset based index might be a good measure of welfare in different countries. Our finding suggest that in countries where there is a considerable difference in socio-economic organization within a country , the asset index tends to capture localities, and therefore is a less appropriate measure of welfare in spatial poverty analysis.
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